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Department of Chemistry and Biochemistry, and Department of Botany and Microbiology, University of Oklahoma, Norman, OklahomaABSTRACT Viral genomic RNA adopts many conformations during its life cycle as the genome is replicated, translated, and
encapsidated. The high-resolution crystallographic structure of the satellite tobacco mosaic virus (STMV) particle reveals 30
helices of well-ordered RNA. The crystallographic data provide global constraints on the possible secondary structures for
the encapsidated RNA. Traditional free energy minimization methods of RNA secondary structure prediction do not generate
structures consistent with the crystallographic data, and to date no complete STMV RNA basepaired secondary structure
has been generated. RNA-protein interactions and tertiary interactions may contribute a significant degree of stability, and
the kinetics of viral assembly may dominate the folding process. The computational tools, Helix Find & Combine, Crumple,
and Sliding Windows and Assembly, evaluate and explore the possible secondary structures for encapsidated STMV RNA.
All possible hairpins consistent with the experimental data and a cotranscriptional folding and assembly hypothesis were gener-
ated, and the combination of hairpins that was most consistent with experimental data is presented as the best representative
structure of the ensemble. Multiple solutions to the genome packaging problem could be an evolutionary advantage for viruses.
In such cases, an ensemble of structures that share favorable global features best represents the RNA fold.INTRODUCTIONViral genomes are the dark matter of structural virology—
the existence and importance of the viral genome have
been acknowledged, but structural biologists have not yet
been able to fully visualize the RNA genomes inside virus
particles. Single virion imaging of HIV particles revealed
significant heterogeneity in the structures of the capsid
and internal RNA genome structures (1). Cryo-electron
microscopy (cryo-EM) and x-ray crystallography revealed
ordered helical RNA in several icosahedral viruses (2,3).
In addition to possible heterogeneity in the RNA structures,
the icosahedral averaging used to solve these structures
obscures the identity of the nucleotide basepairs in the
helices observed on icosahedral symmetry axes. When the
attachment of the MS2 bacteriophage to the Escherichia
coli pili at the fivefold vertex is used to orient the virus parti-
cles, then density for 90% of the ordered RNA genome is
observed in cryo-EM at 9 Ǻ (4). Thus, crystallography and
cryo-EM both provide tantalizing clues that the RNA
genomes in icosahedral viruses are ordered and well
structured.
The crystal structure of satellite tobacco mosaic virus
(STMV) particles at 1.8 Ǻ resolution reveals 30 RNA
helices of at least nine basepairs on the icosahedral two-
fold axes (Fig. 1) (3,5–7). The low b-factors for the centralSubmitted April 8, 2011, and accepted for publication May 19, 2011.
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0006-3495/11/07/0167/9 $2.00pairs in the RNA helix provide the best evidence that all 30
sites are occupied by an RNA helix (5). The b-factors for the
central RNA pairs are on par with regions of the capsid
protein, which is present at full occupancy. The terminal
pairs of the RNA helices have higher b-factors, indicating
greater heterogeneity at the ends of the helices. The
minimum number and lengths of helices provide a global
experimental constraint for the ensemble of RNA conforma-
tions in the STMV particle. The minimum distance between
two RNA helices in the STMV crystal structure is 9 Ǻ
(Protein Data Bank No. 1A34), which provides a constraint
for a minimum of at least two single strand nucleotides
between RNA helices. A model for the secondary structure
of STMV RNA proposes a series of hairpins that would be
consistent with cotranscriptional folding and assembly of
the virus particle, although this model does not suggest
any specific or probable basepairs in helices (7). Simulations
of the STMV particle confirm that the RNA helices are
essential for the structural integrity of the virus particle
(8). Previous secondary structure predictions for regions
of STMV RNA (9,10) are not consistent with the crystallo-
graphic data or the new chemical probing data presented
here for encapsidated STMV RNA.
Although the crystallography and cryo-EM data chal-
lenge the traditional views of RNA genomes in icosahedral
viruses as completely disordered, recent studies of the
secondary structures of RNA genomes are based on the
assumption of a single structure for each functional state
of the RNA genome. Secondary structures for three RNA
viral genomes have been proposed on the basis of chemical
probing and sequence analysis: cucumber mosaic virusdoi: 10.1016/j.bpj.2011.05.053
FIGURE 1 Model of electron density for RNA helices in the 1.8 Ǻ crystal
structure of STMV virus particles from the VIPER database (Protein Data
Bank 1A34) (3,5). The length of the RNA helix shown in yellow is 36.5 Ǻ.
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virus (HIV) (13). Chemical probing of CMV with dimethyl
sulfate (DMS) demonstrated that the structure of the RNA
genome is different in plantae, inside virion particles, and
for in vitro transcribed RNA (11). SHAPE chemical probing
of Moloney murine leukemia virus identified both regions of
similarity and regions with significant differences between
in virio and ex virio genomic RNA (14,15). The
50untranslated region (UTR) of HIV also shows changes in
nucleotide chemical accessibility between in vitro and
in vivo experiments (16,17). The HIV-1 50UTR undergoes
several secondary structural conformational changes as
proteins bind (18) and dimerization occurs (19). The ability
to change conformations is essential for the viral genome
during the many stages of the virus life cycle.
This work presents an ensemble view of encapsidated
viral RNA genomes that lies between the traditional views
of completely disordered genomes and a single structure
for the encapsidated genome. When encapsidated in the
virion, the ensemble of RNA structures likely shares
common global features that facilitate and stabilize the
formation of the virus particle. Thus, the crystallographic
density observed for helices in icosahedral viruses is the
result of a combination of the averaging methods used to
solve the structure, rotations of the virus particle in the
crystal lattice, and heterogeneity in the ensemble of RNA
secondary structures (2).
Ensemble approaches to RNA secondary structure predic-
tion have improved predictions for other types of RNA. For
example, the computation of a centroid structure with
programs such as SFOLD improves predictions of
miRNA-mRNA interactions (20). The consideration of
suboptimal RNA folds and the probabilities of basepairs
improve the accuracy of RNA secondary structure predic-Biophysical Journal 101(1) 167–175tions (21–24). Chemical probing provides additional
constraints for secondary structure determination and helps
identify more accurate structures from a group of low
energy structures (21). The information content of chemical
probing, however, may not always be sufficient to identify
a single correct structure, and RNA may actually exist in
an ensemble of conformations (25). The predicted minimum
free energy (MFE) secondary structure for an RNA
sequence may not always represent the functional RNA
conformation because these predictions do not consider
tertiary interactions, protein interactions, or kinetics of
RNA folding. Free energy minimization is not sufficient to
accurately identify a unique RNA conformation for long
RNA sequences (23,24,26,27). This is especially true in
the case of STMV RNA, which shows a wide diversity of
predicted structures within a small range of free energies
(28).
The Wuchty algorithm computes completely all possible
folds for an RNA sequence within a specified energetic
range above the MFE structure (27). The new Crumple algo-
rithm described here computes all possible folds for an RNA
sequence using a simpler computational structure and no
consideration of energetics. The new algorithm uses less
memory and thus more efficiently computes the entire
RNA folding funnel. Output from the Crumple algorithm
can be filtered with experimental constraints. The Crumple
algorithm can be used with a Sliding Windows and Assembly
approach to compute all possible folds for STMV RNA
within a defined region of conformational space and to
find the best representative structure of the ensemble. The
chemical probing data provide nucleotide specific
constraints, and the minimum number and length of helices
provide constraints on the global features of the secondary
structures. To our knowledge, this technique of computing
all possible folds and then filtering with experimental
constraints is a new approach for predicting RNA secondary
structures for an ensemble of RNA conformations.
Fig. 2 shows how diverse experimental constraints can
define a subset of possible conformations within an RNA
folding funnel. The largest gray funnel represents all
possible conformations for an RNA sequence. The next
largest funnel represents the set of possible structures after
lonely pairs are excluded. The long, narrow funnel repre-
sents the set of structures that are consistent with the local
pairing in a series of hairpins as predicted by the cotran-
scriptional folding and assembly hypothesis. The smaller
funnel to the right represents the set of structures that are
consistent with the chemical probing data. The smaller fun-
nel to the left represents the structures that are consistent
with the crystallographic data. Selecting a group of struc-
tures with a minimum number and length of helices
excludes many structures near the top of the funnel that
have few basepairs. The intersection of all these sets is
shown in red. All possible structures in the intersection of
these experimentally defined regions of the folding
FIGURE 2 Experimental constraints define a region of the RNA folding
funnel. Each smaller gray cone represents a filter based on experimental
data such as chemical modification, the minimum number and lengths of
helices, local pairing, or no lonely pairs. The intersection of all the filters
is represented in red.
STMV RNA Secondary Structures 169funnel are combinations of the hairpins computed by the
Sliding Windows analysis. This ensemble view of encapsi-
dated viral RNA includes common favorable global features
but also allows for variation and heterogeneity, and thus may
best represent the folding of the viral RNA. The ensemble of
secondary structures presented here is consistent with chem-
ical probing data, crystallographic data, and the hypothesis
of cotranscriptional folding and virus assembly.MATERIALS AND METHODS
Virus particle purification and chemical probing
Details regarding the methods and protocols used in this study are provided
in the Supporting Material.
Helix Find & Combine
Helix Find identifies and lists all possible places where a helix might occur
within a given RNA sequence.Helix Combine considers all possible combi-
nations of the listed helices, including pseudoknotted helices. A helix is
defined as consecutive basepairs allowing up to three consecutive
mismatches or bulged nucleotides. Helix Find & Combine builds on
previous combinatorial approaches to RNA structure prediction (29) and
allows noncanonical pairs to occur in helices.
Crumple algorithm
The Crumple algorithm enumerates all possible Watson-Crick and GU
pairings for an RNA sequence without consideration of thermodynamics.
The algorithm performs a depth-first search and consumes very little
memory. The Crumple algorithm is so named because, just as with paper,
crumpling is a faster, less discriminate way to fold. The Crumple algorithm
computes more efficiently all possible structures for an RNA sequence
over the full free energy range of a folding funnel than other existing
RNA prediction algorithms. The Crumple algorithm considers only two
possibilities for each nucleotide: paired or unpaired. For each interval, or
section of a sequence, the algorithm first evaluates each of the possible
pairs for the final nucleotide in that interval and then evaluates the struc-
tures where that nucleotide does not pair at all. The pseudocode in the Sup-
porting Material describes the two recursions in the Crumple algorithm
that are used for helices and all types of loops, including hairpin loops,
internal loops, and multibranch loops. Lonely pairs that do not stackwith another pair can be actively filtered out while a list of structures is
produced.
Sliding Windows and Assembly
The Sliding Windows and Assembly approach consists of six steps: 1),
create windows containing short pieces of the RNA sequence; 2), generate
all possible single helix structures in each window; 3), filter the structures
with experimental constraints; 4), sort the helices by end position and
length; 5), score the helices (vide infra); and 6), assemble the helices using
a dynamic programming algorithm. Analyzing the structures in a series of
windows on the sequence is one approach to approximating the local pair-
ing that occurs during cotranscriptional folding and assembly.
The STMV sequence is divided into each possible subsequence of 30
nucleotides to generate 1028 windows. All possible hairpin structures
that are consistent with the chemical modification and crystallographic
data are generated for each window with the use of the Crumple algorithm.
To eliminate redundancy with the structures in adjacent windows, the final
30 nucleotide is required to pair in the Crumple computation. All possible
combinations of these hairpins describe the ensemble of structures for
encapsidated STMV RNAwithin the defined conformational space.
The structures within each window are filtered for compliance with
chemical modification and crystallographic data. If a nucleotide shows
a strong chemical modification, then that nucleotide is not allowed to
form a Watson-Crick pair between two other Watson-Crick pairs. Chemi-
cally modified nucleotides are allowed at the end of a helix, adjacent to
an internal loop or bulge, or adjacent to a GU pair. Helices of nine pairs
that include up to three consecutive mismatches are consistent with the
observed crystallographic data. The definition of a helix in the helix
filters allows up to three consecutive terminal noncanonical pairs, which
is consistent with free energy measurements on dangling end motifs and
measurements of the persistence length of RNA (30,31). However, helices
with the fewest noncanonical pairs and the least asymmetry in internal
loops are more likely to appear as crystallographically averaged A-form
helices.
The set of all possible helices that are consistent with chemical modifi-
cation and crystallographic data is then assembled into a secondary struc-
ture containing 30 helices using a dynamic programming algorithm that
is linear with respect to the number of helices. The ‘‘best’’ helix is selected
from within overlapping windows according to how well each helix satisfies
the experimental chemical modification and crystallographic data. The first
four criteria select helices that are most likely to appear as A-form in the
averaged electron density from crystallography. The first criterion counts
and ranks the types of pairs in the helix; the priority in the ranking is Wat-
son-Crick pairs first, then GU pairs, then terminal mismatches, and finally
mismatches in internal loops. The second criterion selects the least asym-
metry in internal loops. The third criterion selects the helix with the small-
est internal loop. The fourth criterion selects the helix with the fewest
terminal mismatches. The fifth criterion considers the different possible
ways to meet the chemical modification constraint. A chemical modifica-
tion satisfaction score places priority on chemical modification in nucleo-
tides that are single stranded or in hairpin loops first, nucleotides in
terminal mismatches or internal loops second, Watson-Crick pairs at the
end of a helix third, Watson-Crick pairs adjacent to an internal loop fourth,
and lastly Watson-Crick pairs adjacent to internal GU pairs. The helix
scoring function summarizes these criteria as follows:
Helix score ¼ 1  number of Watson-Crick pairs
þ 2  number of GU pairs
þ 3  number of terminal mismatches
þ 4  number of internal mismatches
þ 5  number of asymmetry of internal loops
þ 2  number of chemically modified nucleotides pairing adjacent to
helix ends or GU. (1)
Favorable thermodynamic stability is not directly considered, although the
first four criteria favor thermodynamically stable helices. ThermodynamicBiophysical Journal 101(1) 167–175
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Windows and Assembly program.RESULTS
The helices in encapsidated STMV RNA contain
mismatches
Helix Find identifies 83 places in the STMV RNA sequence
where a perfect helix of nine Watson-Crick or GU pairs may
form (Table S1), but there is no possible simultaneous
combination of 30 of these helices. Chemical probing elim-
inates 24 of these possible helices. Thus, the encapsidated
STMV RNA structure must contain imperfect helices. The
Helix Find & Combine program allows long-range pairing
and pseudoknot pairing. There is also no possible simulta-
neous combination of 30 helices of at least six perfect pairs.
Thus some of the mismatched pairs are likely to be in
internal, hairpin, or bulged loops. Many internal loops and
single mismatches in a helix are energetically favorable
(21,32–34). Consecutive mismatches at the ends of helices
can also be thermodynamically favorable (30). The icosa-
hedral averaging used to solve the crystal structure could
obscure any non-A-form deviations caused by noncanonical
pairs.Crumple correctly computes all possible
basepairings for a given sequence
The Crumple algorithm correctly computes all possible
pairings for a given sequence. This was tested manually
with a 14-mer oligonucleotide (Table S3). Additionally, all
30-nucleotide windows in the STMV sequence were
computed with both Crumple and the Vienna RNAWebsuite
(22) implementation of the Wuchty algorithm allowing
lonely pairs (isolated pairs that do not stack on another
pair) and using a 1000 kcal/mol energy window. Both
computations gave identical results for every 30-nucleotideFIGURE 3 Hairpins with the best score for each length in every 30-nucleotid
nucleotides used to form the hairpin. The color of the bar represents the score for
Assembly algorithm.
Biophysical Journal 101(1) 167–175window. However, Crumple is faster, uses less memory, and
correctly implements the no-lonely-pair constraint for a full
folding funnel. The results from the Crumple calculations
for every 30-nucleotide window are included in Supporting
Material.Sliding Windows generates many possible
hairpins consistent with experimental data
The output from Crumple for each 30-nucleotide window is
scored using Eq. 1 and sorted by length. Fig. 3 shows the
hairpin with the best score for each length in all windows.
There is a normal distribution of scores for the hairpins.
There are a few hairpins with very high scores or very low
scores, but many hairpins have medium scores. There are
some regions of the STMV sequence that have many very
different possible helices, and some regions with few or
no hairpins. Many possible combinations of 30 of these hair-
pins are possible. Thus, there are many possible secondary
structures for STMV RNA that satisfy the chemical modifi-
cation data, crystallography observations, and local pairing
predicted by the cotranscriptional folding and assembly
model. This array of possible hairpins and the many combi-
nations of these hairpins lead to the ensemble view of a set
of secondary structures with common global characteristics
as the best description of encapsidated STMV RNA
structure.The Assembly algorithm correctly predicts
hairpins in HIV-1 50UTR
Assembly is a dynamic algorithm that finds the best combi-
nation of a specific number of hairpins based on the scoring
function in Eq. 1. The set of hairpins from Crumple and
Sliding Windows analysis (shown in Fig. 3) is the input for
the Assembly algorithm. The output is a single secondary
structure with the best combination of hairpins for a givene window are shown as bars with a length corresponding to the number of
the hairpin calculated using Eq. 1. All of these hairpins are the input for the
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tion, a truism for all RNA folding algorithms. The advantage
of the Assembly algorithm is the capability to directly
control the weighting for different types of experimental
data. For example, to explore metastable structures in which
kinetics rather than free energy minimization is the driving
force, the impact of thermodynamic parameters can be mini-
mized or removed.
The 50UTR of HIV-1 is a good test case for the Assembly
algorithm and poses many of the same challenges for
RNA folding and secondary structure prediction as STMV
RNA. In the current model for the secondary structure of
the HIV-1 50UTR, a series of hairpins form and then
long-range basepairing occurs as nucleocapsid proteins
bind (18). Further secondary structure conformational
changes occur in the 50UTR when the HIV-1 RNA dimer-
izes (35). The secondary structure model based on in vitro
and in vivo chemical probing, mutagenesis, phylogenic
alignment and nucleotide covariation, and NMR spectro-
scopic studies does not match predictions based on free
energy minimization (16–19,36). Predictions from a genetic
algorithm RNA folding analysis of the HIV-1 50UTR
sequence also reveal many possible hairpins and secondary
structure conformations (37). The series of hairpins that
include the psi packaging signal (PSI), the splice donor
site (SD), and the dimerization initiation signal (DIS) main-
tain the same conformation in vitro and in vivo, and as
proteins bind (16–19). The extensive biochemical studies
on HIV-1 50UTR provide a good test case for the Assembly
algorithm.
The strongest sites of chemical modification from chemi-
cal probing in vivo (16) and in vitro (17) were used as
constraints for folding the 96 nucleotides of the region of
the 50UTR of HIV-1 sequence that includes the PSI, SD,
and DIS hairpins. The RNA was folded with Crumple,
Sliding Windows and Assembly, RNAStructure 4.6 (21),
Sfold (38), and Vienna RNAfold (22). When folding with
Assembly, the folding constraint was three hairpins of at least
four pairs. The Assembly algorithm was run both with and
without the penalty for asymmetric helices in Eq. 1 because
in the case of the HIV-1 50UTR, there is no crystallography
data constraint for unbent A-form helices. Sfold and RNA-
fold were used both with and without chemical modification
constraints because these programs use only hard single
strand constraints for chemically modified nucleotides rather
than the subtleties of allowing chemically modified nucleo-
tides to occur in basepairs adjacent to helix ends, internal
loops, bulges, or GU pairs. RNAfold uses an earlier set of
thermodynamic parameters (32) than the other programs.
The results of all the different computational folding
methods are shown in Fig. S3.
The Sliding Windows and Assembly approach performs as
well as other standard folding programs. Sliding Windows
and Assembly correctly predicts the three hairpins
(Fig. S3 B), although the basepairs slide over near the bulgeloop in the stem of the DIS hairpin and additional basepairs
are added to the PSI hairpin. With the penalty for asymme-
try, Sliding Windows and Assembly cannot correctly predict
the SD hairpin, but predicts the hairpin nucleotides correctly
for the DIS and PSI loops with a slight variation in the stem
helices. RNAStructure 4.6 predicts the same structure with
and without chemical modification, although the possible
suboptimal structures change with chemical modification
constraints. RNAStructure 4.6 also adds additional base-
pairs to the PSI hairpin. The basepairs around the bulge
loop in the DIS hairpin have <50% pairing probabilities,
which lend credence to the alternative pairings predicted
by Sliding Windows and Assembly. Sfold and RNAfold
perform much better without chemical modification
constraints, and correctly predict only the DIS hairpin
with chemical modification constraints. Without chemical
modification constraints, Sfold predicts the SD and PSI hair-
pins in the centroid structure and the SD, PSI, and DIS hair-
pins with additional basepairs in the MFE structure. The
centroid structure predicted by RNAfold without chemical
modification constraints produces the correct structure
exactly with no extra pairs and no sliding around the bulge.
It is somewhat surprising and ironic that no chemical
modification constraints and less accurate thermodynamic
parameters produce the best prediction.
The predictions of all the RNA folding programs depend
on exactly how constraints are applied and the definition of
the scoring function. Slight changes in the scoring function
in either the thermodynamic parameters or other experi-
mental constraints can cause large changes in the predicted
secondary structures. Slippery sequences, such as the helix
around the bulge in the DIS hairpin, are especially sensitive
to slight variations in scoring and probably exist in multiple
conformations. Thus, an ensemble view of RNA secondary
structure may best represent this stochastic diversity in RNA
structures.STMV RNA secondary structures consistent with
chemical probing and crystallographic data
The minimum number and lengths of helices provide
constraints on the global fold of the RNA, and the chemical
modification data provide nucleotide-specific constraints on
possible pairing. Only the strongest hits (164 constraints in
total) from DMS, CMCT, and kethoxal probing were used as
constraints because in an ensemble of RNA structures,
a weak hit could be due to either a strong reactivity in
only a few structures or a weak hit in many structures.
The strongest hits are most likely to be common to the
majority of structures in the ensemble. The local pairing
that results from the Sliding Windows approach demon-
strates the feasibility of the cotranscriptional folding and
assembly hypothesis. The secondary structure that best
satisfies the cotranscriptional folding and assembly hypoth-
esis and experimental constraints, including crystallographyBiophysical Journal 101(1) 167–175
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secondary structure highlights the best combination of the
highest scoring hairpins that are consistent with experi-
mental constraints. Although additional local and long-
range basepairing interactions are possible in Fig. 4, no
predictions beyond the best 30 helices are attempted at
this point because such interactions are likely convoluted
with the tertiary and quaternary structure of the STMV
RNA and capsid proteins.FIGURE 4 Best representative 30 hairpins from the ensemble of STMV RNA
Assembly algorithms. Red dots indicate nucleotides chemically modified by DM
otides protected from chemical modification because there are many sources of p
interaction, protein-RNA interactions, and slower diffusion into the center of the
the crystallographic observations, chemical modification, and the model of cotran
are possible between nucleotides outside of the 30 hairpins shown, but no attemp
reactions begin reporting chemical modification at nucleotide 970. Green nucleo
cate every 10 nucleotides.
Biophysical Journal 101(1) 167–175To test whether the window size affects the structure
predictions, the ensemble centroids and hairpin probabilities
in the STMV RNA sequence were calculated with Sfold
(26). The 134 nucleotides hit by DMS were constrained as
single stranded. The maximum basepairing distance was
set to 25, 30, 35, 40, or 50, and then the probability of
hairpin formation in the centroid ensembles was evaluated.
The probability of hairpin formation did not vary as a func-
tion of the maximum pairing distance constraint for thesecondary structures generated by the Crumple and Sliding Windows and
S, kethoxal, or CMCT. No constraints or interpretation is applied to nucle-
rotection from chemical modification, including basepairing, RNA tertiary
virus capsid. The figure emphasizes the 30 hairpins that are consistent with
scriptional folding and assembly. Other long-range basepairing interactions
t is made to predict further secondary structure elements. Primer extension
tides are sites of natural variation in STMV RNA (39–41). Tick marks indi-
STMV RNA Secondary Structures 17330 end of the STMV RNA (nucleotides 650–1058), although
more variation occurred in the 50 region of the sequence
(nucleotides 1–400) (Fig. S4). When parameters for the
helix assembly were varied, most of the variation in
secondary structure also occurred in the 50 end of the
STMV. This suggests more confidence in the helices in
the 30 end.
The secondary structural model presented in Fig. 4 is
largely consistent with known sequence variations in
STMVRNA (39–41). Of 35 sites of known sequence hetero-
geneity, 19 are unpaired nucleotides; seven would change
a Watson-Crick pair to a GU or AC pair; nine would disrupt
a Watson-Crick or GU pair and create a mismatch; and one
would change a mismatch to another mismatch. The number
of helices containing GU and AU pairs is consistent with the
bias toward G-to-A substitutions in natural variants of
STMV (39). The helices observed crystallographically for
STMV RNA must allow some mismatches to occur, so
single point mutations may not always disrupt a helix.Different methods yield similar predictions
for the 30 region of STMV RNA
Although current RNA prediction programs, including
mfold, Sfold, RNASTAR, Vienna RNAfold, and RNAStruc-
ture4.6 (21,22,38,42–44), do not generate secondary struc-
tures that are fully consistent with the crystallographic
data, several different approaches predict similar hairpins
in the 30 end of STMV RNA, which increases confidence
in the predictions for this region (Fig. 4 and Fig. S5).
Folding the STMV RNA sequence with chemical modifica-
tion constraints using RNAStructure 4.6 did not predict
secondary structures with 30 helices of at least nine pairs.
Constraining the basepairing within 30–50 nucleotides
improved the consistency with the crystallographic data
and generated structures with 20–25 helices. Selection of
suboptimal structures and manual adjustments to the pre-
dicted structure generated structures that satisfied the crys-
tallographic data (Fig. S5). The Zuker method of sampling
suboptimal structures (24) does not combine two suboptimal
substructures (45). This demonstrates the value of alterna-
tive methods, such as the Wuchty algorithm and Sliding
Windows and Assembly, to combine suboptimal structures
more thoroughly in ways that are not generated by other
programs.
The basepairing probabilities calculated in RNAStructure
4.6 with the McCaskill algorithm show high probabilities of
>90% mainly in the hairpins in the 30 end of the STMV
sequence. The predicted hairpins in the 30 end of the
STMV sequence do not vary with the size of the basepairing
window in Sfold predictions (Fig. S4). Thus there is higher
confidence in the hairpins in the 30 end of the STMV
secondary structure in Fig. 4.
Folding the STMV sequence with DMS constraints and
constraining the pairing distance within 30 nucleotidesusing the Sfold program generated a centroid structure
that did not contain 30 helices of at least nine pairs, although
two of 10 randomly selected structures did contain 30
helices of nine pairs (Fig. S5). The additional CMCT and
kethoxal constraints are consistent with these structures.
However, these structures contain some highly asymmetric
internal loops that would be less likely to show A-form-
like electron density for the RNA helices at the twofold
axes in the crystal structure. The secondary structure in
Fig. 4 contains nine helices in common with the centroid
structure, with the most common and highly probable
helices occurring in the 30 end of the sequence.
Previous folding experiments with RNASTAR to predict
the 30 end of STMV RNA showed some structural similari-
ties with predicted structures for other tobamoviruses (9).
However, this predicted structure is not compatible with
the STMV crystallographic data or the new chemical modi-
fication data, and thus differs from the structures presented
here (Fig. 4). For example, chemical modification at nucle-
otides 936 and 922 preclude the formation of proposed
pseudoknotted helix E in a proposed tRNA-like model
(10). Similarly, chemical modification at nucleotides 663,
668, 678, 716, 918, and 935 precludes several predicted
pseudoknotted helices (9). Previous predictions for the 30
end of STMV RNA contain many short, highly pseudoknot-
ted structures. The previous prediction for the last 400 nucle-
otides contains only five helices that are long enough to
satisfy the crystallography data well, which is very unlikely
to leave enough remaining nucleotides for 30 helices of
at least nine pairs (9). Gultyaev et al. (9) also noted the
need for more experimental data to distinguish between
multiple predicted structures. The structures predicted with
RNASTAR may be more representative of STMVat another
stage of the viral life cycle.DISCUSSION
The Crumple and Sliding Windows and Assembly
approaches and the use of filters from experimental data
provide new tools to generate an ensemble of RNA struc-
tures in a defined region of conformational space. The helix
filters (i.e., the minimum number and length of helices) are
a global experimental constraint that can be applied to other
encapsidated viral RNA predictions and RNAs studied by
low-resolution crystallography or cryo-EM (46). These
new tools are necessary to explore viral RNA structures
when the assumptions of traditional free energy minimiza-
tion may not hold true.
The main advantage of the Sliding Windows and
Assembly approach is the capability to maximize consis-
tency with experimental data and modulate the dependency
on free energy minimization. In the case of STMV, the
secondary structures were generated to maximize consis-
tency with the crystallographic data. When the chemical
modification satisfaction score was not used, anotherBiophysical Journal 101(1) 167–175
174 Schroeder et al.alternative secondary structure was generated (Fig. S5) that
has only 14 helices in common with the STMV secondary
structure shown in Fig. 4. The STMV secondary structure
in Fig. 4 has only 14 places where chemically modified
nucleotides form Watson-Crick pairs at the ends of helices
or adjacent to internal loops or GU pairs, whereas these
types of chemically modified Watson-Crick pairs occur in
40 pairs in the alternative STMV secondary structure.
However, the predicted free energies of the structure shown
in Fig. 4 and the alternative structure shown in the Support-
ing Material are 73.4 kcal/mol and 101.1 kcal/mol,
respectively. Thus, although both structures are consistent
with the crystallographic data, the structure in Fig. 4 is
more consistent with chemical modification data, and the
alternative structure has a more favorable predicted free
energy. Note also that the free energy of helix formation is
not the same as the stability of anRNAhelix bound to a capsid
protein. On the other hand, Sfold generates structures that
minimize free energy and maximize chemical modification
satisfaction (chemicalmodification isonly allowedas a single
strand constraint in Sfold) but are less consistent with the
crystallographic data. These examples reveal the wide range
of free energies for structures that satisfy all of the experi-
mental data. Thus, an emphasis on different types of experi-
mental data generates very different structures. In this work,
the structure that was most consistent with the crystallog-
raphy and chemical modification data was identified as the
best representative of the ensemble, rather than the lowest
free energy structure, because there are many unaccountable
contributions to the overall folding from RNA-protein inter-
actions and a kinetically controlled process of cotranscrip-
tional folding and virus assembly.
The helix assembly process does not consider other
possible secondary structures in the nucleotides between
the helices. Additional hairpins, pseudoknots, and helices
forming multibranch loops are all possible interactions of
the unpaired nucleotides and could make the free energy
of the structure more favorable. These nucleotides may
also interact with the C-termini of the capsid proteins that
extend toward the adjacent capsid protein and then into
the interior of the virus particle and may help stabilize the
close packing of the negatively charged RNA backbones
in a manner similar to the long extended tails of ribosomal
proteins (47). Thus, the regions of unpaired nucleotides
between helices in Fig. 4 may have significant functional
and energetically stabilizing structures. The identification
of these potential tertiary and quaternary structures will
require future modeling experiments beyond the scope of
secondary structure prediction. However, the ensemble of
secondary structures presented here is an important first
step in modeling the complete three-dimensional structure
of the STMV virus particle.
An ensemble of structures with common favorable global
characteristics for the encapsidated viral RNA genome
could be an evolutionary advantage for the virus. StatisticalBiophysical Journal 101(1) 167–175mechanics predicts an ensemble of structures, and a virus
would have to do work to select one structure for encapsida-
tion from this ensemble. A single RNA conformation would
be a brittle solution to the RNA folding problem. Stochastic
diversity in encapsidated viral RNA conformations presents
a more robust solution to packaging a viral genome.
Stochastic diversity in functional conformations of group I
introns has been demonstrated by single molecule tech-
niques (48) and may be common for RNA structures.
More than one solution to the RNA folding problem may
also help the virus avoid kinetic traps during assembly.
Because a virus repeatedly folds and unfolds during its
life cycle, a single low energy structure would be less advan-
tageous than a broad, shallow folding funnel. If a virus can
encapsidate many different structures, then less cost would
be associated with a single point mutation, and greater vari-
ation could occur more rapidly. The computational tech-
niques described here present a new (to our knowledge)
approach to the challenging problem of predicting dynamic
ensembles of RNA structures.SUPPORTING MATERIAL
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